Abstract-Power systems worldwide are complex and challenging environments. The increasing necessity for an adequate integration of renewable energy sources is resulting in a rising complexity in power systems operation. Multi-agent based simulation platforms have proven to be a good option to study the several issues related to these systems. In a smaller scale, a home energy management system would be effective for the both sides of the network. It can reduce the electricity costs of the demand side, and it can assist to relieve the grid congestion in peak times. This paper represents a domestic energy management system as part of a multi-agent system that models the smart home energy system. Our proposed system consists of energy management and predictor systems. This way, homes are able to transact with the local electricity market according to the energy flexibility that is provided by the electric vehicle, and it can manage produced electrical energy of the photovoltaic system inside of the home.
I. INTRODUCTION
Nowadays, according to the daily increment of electricity demand, the utilization of Distributed Renewable Energy Resources (DRER) is an opportunity to assist the power distribution network [1] . DRER, such as Photovoltaic (PV) system and wind turbine, are moving the current power grid toward the elimination of centralized power plants [2] . DRER have several benefits for the power grid, namely, they decrease the greenhouse gas emissions, relieves the grid congestion, and decrease the costs related to the electricity production [3] . However, the integration of DRER into the current power grid, leads to have network management and stability problems [4] .
In a smaller scale, a Domestic Energy Management System (DEMS) enables the domestic customers to manage their consumption in order to minimize the electricity bills. For implementing a DEMS, several infrastructures are required, such as sensors for real-time monitoring and actuators for controlling the equipment [5] . Concerning the management of DEMS, two methods can be proposed. The centralized control where a powerful central controller unit and communication between this unit and each single component of the DEMS is required. This is an expensive method and in the case of failure in a component, all of the system may be effected [6] . The second scheme is the Multi Agent System (MAS), where the decisions take place in the local controllers based on the real-time data acquired by the other components [7] . The MAS method is preferred when comparing with centralized control, since if any fault occurs in the DEMS, the faulty agent can be easily eliminated and the system is able to continue its operation [8] . Additionally, MAS is more cost-effective [9] , tolerant, adaptive, and flexible for the DEMS [10] . Before the massive implementation of business model related to the DEMS, the need of simulations and survey the behavior of each components is evident. Intelligent methods such as MAS simulations are satisfying for conveying the complex models with dynamic interactions [11] .
In this paper, we present a Multi Agent-based Smart Home Energy System (MASHES). The MASHES consists of different agents each of whom have different tasks in the system. Also, our proposed DEMS is defined to manage electrical energy inside the home. Also, the home is able to trade energy with the Local Electricity System (LEM) to maximize its expected profit according to the energy flexibility that is provided by the Electric Vehicle (EV). Also, an interval method is used to model uncertainty of the decision-making variables. In this interval methods, uncertainty is modeled based on the bands that depend on the central and error forecasting of the stochastic variables that are provided by the predictor system in this paper.
The rest of this paper is organized as follows. Section II introduces the proposed predictor system. Then, the proposed domestic energy management problem formulation is described in Section III and the hardware implementation is described in Section IV. Besides, the simulation results of the case study are illustrated in Section V. Finally, the findings of the paper are summarized in Section VI.
II. PREDICTOR SYSTEM (PS)
PS is an agent that must provide the accurate prediction of all the stochastic variables of the system such as solar radiation, weather temperature and electrical non-shiftable loads. The outputs of this agent will be the inputs of the DEMS. In this paper, the prediction methodology is used to achieve the required forecasted values is based on Hybrid Neural Fuzzy Inference System (HyFIS). 
A. Hybrid Neural Fuzzy Inference System
To generate the fuzzy rules, the learning process in HyFIS method is divided in two phases, which are [12] :
• Structure learning, i.e. finding the rules by using the knowledge acquisition module; • Parameter learning phase in order to tune the fuzzy membership functions [13] to achieve a desired level of performance. This approach can be easily updated when there is new available data [14] which is one of the advantage of using this method. As the Fig. 1 shows, while there is a new available pair data, the fuzzy rule base will be updated by a new rule, created for this data.
In the first phase, a multi-layered perceptron (MLP) network based on a gradient descent learning algorithm is used by the neuro-fuzzy model to adapt the parameters of the fuzzy model [16] . Learning from data and approximate reasoning is simplifies by this architecture, as well as knowledge acquisition. It allows using the combination of both numerical data and fuzzy rules thus producing the synergistic benets associated with the two sources.
A multi-layer Artificial Neural Network(ANN), based on a combination with fuzzy systems is the proposed neuro-fuzzy model in the HyFIS. As the Fig. 2 shows this system is divided in five layers. In this structure, the input and output nodes are the input state and output control/decision signals respectively. In the hidden layers, the nodes detain the responsibility of representing the membership functions and rules.
The first layer includes the nodes which are the inputs that transmit input signals to the next layer. The nodes in the second and fourth layers, are the term nodes. The term nodes act as membership functions to express the inputoutput fuzzy linguistic variables. The fuzzy sets defined for the input-output variables are divided in three groups: Large (L), Medium (M), and Small (S) in these layers. Although, in some implementations or specific cases, these can be divided in more specific groups as, e.g. Large Positive (LP), Small 
Positive (SP), Zero (ZE), Small Negative (SN), and Large Negative (LN).
The third layer includes the rule nodes, where every node represents one fuzzy rule. The connection weights between the third and fourth layer represent certainty factors of the associated rules, i.e. each rule is activated to a certain degree controlled by the weight values. Finally, the nodes in the last layer represent the output of the system.
III. DOMESTIC ENERGY MANAGEMENT SYSTEM
The task of DEMS is to make optimum decisions in the MASHES. In this case, DMS faces a discrete optimization problem. We propose that there are two LEMs: Day-ahead Local Electricity Market (DALEM) and Real-Time Local Electricity Market (RTLEM). Hence, each smart home can participate in the DALEM and RTLEM. In this paper, the Domestic Energy Management (DEM) problem is modeled as a two-stage problem. The first stage is called Day-Ahead (DA) stage, and the second stage is called the Real-Time (RT) stage.
A. Objective Function
Here, the objective is to maximize the Expected Profit (EP) of energy services in the DALEM and RTLEM simultaneously. In this work, the PV system is the only Distributed energy Resource (DER) that is considered. EV exists as an Energy Storage System (ESS) in the MASHES. Also, Electrical Loads (ELs) consist of Space Heater (SH), Storage Water Heater (SWH), Pool Pump (PP), and Must-Run Services (MRSs).
B. Day-Ahead Stage
DA stage obtains optimum decisions for the system in day d-1. Hence, the EP for the DA stage is represented as (2):
EP da consists of two parts. While the first part represents the revenue of selling the electrical energy produced by the PV system to the DALEM, the second part states the costs of buying the electrical energy from the DALEM. The constraints of the DA stage are:
Eq. (3) establishes the power balance equation due to the power output of the PV system that is injected into the home, P da pv,int , grid power input, P da nett , and electrical loads, L da jt . In this paper, power loss is not considered for simplicity. Eq. (4) represents the power flow limitation through the distribution line which ends at the building. S max expresses the maximum power capacity of the distribution line that links the enduser and the power grid. Moreover, there are some limitations corresponding to all appliances. It is noteworthy that the power produced/consumed of all devices have been considered to be equal to its central predicted amount at this stage because the uncertainty is not considered in the DA stage.
The total power generation of the PV system is stated in Eq. (5). Eq. (6) states the power output limitations of PV. Besides, Eq. (7) represents the electrical power consumed by ELs agents.
C. Real-Time Stage
In this stage, the expected profit of the smart home due to participating in the RTLEM is defined. The objective function of the RT stage, OF rt , is represented as:
OF rt consisting of five parts. The first part represents the revenue for selling energy produced by the PV system to the RTLEM. The total cost of electrical energy that is bought from the RTLEM is represented in the second part. The third part expresses the profit due to selling the stored electrical energy of the EV to the RTLEM. Also, the charging cost of the EV is represented in the forth term. The Value of Loss Load (VOLL), V OLL j , is stated in the fifth part. Finally, the spillage cost of the PV system is represented in the last part. As seen in Eq. (9), it is proposed that if the PV power generation in the RT stage, P rt pv,outt , is more than the PV power generation in the DA stage, the smart home can only sell its extra power at the net price, λ, that is less than the price that is established for the purchase of the power generated by the PV on the DALEM, λ . In the RT stage, Eq. (10) is the power balance equation, and Eq. (11) shows the power flow limitation in a distribution line. Also, there are specific definitions for all appliances in the DEMS whose uncertainties are considered.
1) PV System: The power output of the PV panels in the RT stage, P rt pvt , is obtained based on Eq. (12). Where as Eq. (12), P rt pv,pt is the potential power generation of the PV system in the real-time, and S pvt is the spillage power of the PV. Eq. (13) determines P rt pv,pt according to the interval predicted bands. (15) In Eq. (13) Besides, α pv -Optimistic Coefficient (OC)-is defined as a parameter that its amount is between 0 and 1. The amount of α pv is set by the decision-maker of the MASHES. Eq. (14) represents that the total power output of the PV system equals its power output consumed in the home, P rt pv,int , and the amount of power generation that is sold to the RTLEM, P rt pv,outt . The spillage amount of the PV system is the amount of power that is spilled in period t. This amount is positive or equal to zero, and is limited to the actual power generation of the PV panels as presented in Eq. (15).
2) EV:
The EV can be utilized based on the charge and discharge strategies in the DEM problem.
Eq. (16) 
D. Electrical Loads
ELs consist of loads that can be controllable and/or shiftable. Equations (22) and (23) define total electrical load and total load shedding, respectively.
1) Space Heater:
The space heater provides the indoor temperature at the desired temperature. Eq. (24) defines the relation between the indoor temperature and the electrical load of the space heater. In Eq. (24), θ 0 is the initial indoor temperature which is assumed to be equal the desired temperature. Eq. (25) represents that indoor temperature is limited to 1
• C more and less than the desired temperature. Also, the maximum and minimum bands of the space heater load is stated in Eq. (26). Besides, the load shedding limitation of the space heater is represented in Eq. (27).
2) Storage Water Heater: Storage water heater is in charge of storing the heat in the water tank. The maximum and minimum constraints of the storage water heater's power and energy consumption are stated in Eq. (28) and (29), respectively. The load shedding constraint related to the storage water heater is represented in Eq. (30).
3) Pool Pump: The pool pump should not run more than T ON hours in a day. Eq. (31) represents the maximum and minimum bands of the pool pump load in each hour.
4) Must-Run Services:
Must-run services include the loads that should be provided quickly -e.g. lighting, entertainment, etc. The load shedding constraint is stated by Eq. (34).
IV. PROPOSED HARDWARE IMPLEMENTATION
As it has been mentioned, this paper includes a domestic energy management system based on MAS and distributed control fashion. The electrical loads considered for this system have been categorized in three main types:
• Controllable loads: This category includes the loads that their consumption can be reduced or curtailed; • Shiftable loads: This category consists of the electrical loads that their consumption can be shifted from a period of time to other certain periods, without any reduction or curtailment; • Must-run loads: This group contains such electrical loads that their consumption cannot be controlled, shifted, or curtailed. In this system, a space heater is considered as a controllable load. The space heater is related to a home appliance, which provides the indoor temperature at the desired temperature. The maximum capacity specified for this load is 5.525 kW. Storage water heater and pool pump are the other electrical loads considered as shiftable loads. The storage water heater is in charge of storing the heat in the water tank, and the pool pump is a part of swimming pool installations. The energy capacity of the storage water heater is 10.46 kWh (180 L), which has 2 kW heating element. The rated power of the pool pump is 1.1 kW, and it is considered that it can operate for a maximum of 6 hours during the day. Additionally, several types of loads, such as lighting, or entertainment, are considered as must-run loads.
The maximum energy produced by the PV system is 2.5 kWh. Furthermore, an EV is propounded for the system playing the role of an ESS. This ESS unit can store energy between 1.77 and 5.9 kWh, and its maximum charging/discharging rates are 3 kW. Besides, charging and discharging efficiencies are 90%. Fig. 3 represents the overall system architecture. In this system, the PV and ESS can supply the local demand, and while there is more generation than the local demand, the system is able to inject the excess of the produced power to the utility grid.
As Fig. 3 shown, there are five main agents namely, PV, EV, Water Heater, Space Heater, and Pool Pump agent. As also illustrated in Fig. 4 , each agent is equipped with a Programmable Logic Controller (PLC) in order to perform decision-making locally and communicate with other agents to fulfill the overall systems goal.
Moreover, Fig. 4 presents the deployment diagram which addresses the static realization of the system. In this figure, each agent is represented by its corresponding representation in UML deployment diagram called node. A node consists of several components which are the instances of the components shown in Fig. 3 . The nodes are communicated via Ethernet interface, with MODBUS TCP/IP protocol. The agents constantly exchange messages in order to share their latest status in the network. This will reduce the response time to any changes in the agents and hence improve the adaptability. On the other hand, flexibility and reconfigurability are two main important characteristics that an agent-based system offers. For instance, any faulty machine or agent can be easily repaired and replaced without any disruption in the overall systems task. 
V. SIMULATION RESULTS
A physical system from [17] is used to evaluate the performance of the proposed DEMS. However, some modifications of the system parameters are made. For instance, the predicted data of PV power generation and the must-run services are used from [18] - [20] . The performance of the proposed DEM model is assessed in three cases. The program implemented is solved in GAMS 23.7 [21] . In this section, the performance of proposed DEMS is studies in two cases: Case 1: Effect of PV system, and Case 2: Effect of EV.
A. Impact of PV system
The impact of the PV system on the expected profit is evaluated in three scenarios in this section. In Scenario 1, PV system is not considered in the MASHES. In Scenario 2, the proposed DEMS is assesssed when α equals 0 and 1. In Scenario 3, uncertainty of PV generation is not considered. Table I states the amount of expected profit and energy produced by the PV system in the RT stage. As seen in Table I , the expected profit is highest in Scenario 2 when α equals 1, because it is the optimistic scenario of PV power generation. Besides, the results of the system in Scenario 2 when α equals 0 is equal to the results of the Scenario 3 that uncertainty of PV power generation is not considered because the power generation of the PV system tends to converge to the central forecasting when α equals zero. Moreover, Table  II describes the amounts of the day-ahead, real-time, and total expected profits of the system in Scenario 1. As seen in Table  II the total and day-ahead expected profits are negative because PV generation is equal to zero and DEMS must provide its electrical demand from the electricity market. However, EP 
B. Impact of EV
The impact of the EV is assessed in two scenarios in this section. In Scenario 1, EV is available in all hours in the MASHES, and plays as the battery in the system. In Scenario 2, EV is out of home in period 6-17. Also, it is assumed that the EV should be full of charge at 6, and it has the minimum capacity at 17. Moreover, α is set to be 0 in this section. As seen in Table III , the expected profit of the system in Scenario 1 is more than Scenario 2 because the EV is completely available at home in Scenario 1. Besides, there is no any constraint to force the state of charge of the EV in some specific times in Scenario 1. On the other hand, the bought electrical energy from the LEM is less in Scenario 1. However, Scenario 1 increases the sold electrical energy to the LEM.
VI. CONCLUSIONS
In this paper, the multi agent-based smart home electricity system has been presented. The performance of the proposed domestic energy management model that be able to transact electrical energy with the local electricity market has been assessed based on the impacts of PV system and EV. Also, the HyFIS has been utilized in the predictor system. An interval method has been used to model the uncertainty of the PV power generation according to the central and error (variance) of forecasting. This way, optimistic coefficient has been defined that its amount is set by the decision-maker in the domestic energy management system, and its amount is between 0 and 1. The proposed hardware implementation demonstrated that multi agent model reduces the response time to any changes in the agents and hence improve the adaptability of the system. Additionally, flexibility and reconfigurability are two main important characteristics that an agent-based microgrid offers. From the simulation, considering the EV in the real-time stage of the proposed domestic energy management problem increases the energy flexibility in the home. Besides, it increases the expected profit of the domestic system and improves its autonomous utilization.
